Abstract The Water Framework Directive (WFD) recognizes benthic macroinvertebrates as a good biological quality element for transitional waters as they are the most exposed to natural variability patterns characteristic of these ecosystems, due to their life cycles and space-use behavior. In this paper we consider the performance of three multimetric indices (namely M-AMBI, BITS and ISS) based on benthic macroinvertebrates abundances, aiming at assessing the ecological status of lagoons and likely to respond differently to different sources of stress and natural variability. In order to investigate the possible contrasting behavior of the three multimetric indices, we propose a Bayesian hierarchical model in which they are jointly modeled as functions of abiotic covariates, external anthropogenic pressure indicators and lagoon effects. The proposed model is applied to data from three lagoons in Apulia and assessed using multiple diagnostic tools. The joint sensitivity of lagoon quality evaluations to available covariates is thus investigated.
Introduction
Lagoons represent important and fragile ecotone ecosystems in the coastal landscape, however their geographic position along the coast and their close relation with terrestrial ecosystems make these environments especially vulnerable to anthropogenic pressures (Viaroli et al. 2005; Ji and Chang 2005) . The need to act has been acknowledged by politicians and legislation has been adopted to stop further deterioration and restore lagoons healthy state. The Water Framework Directive (WFD, 2000/60/EC) requires EU Member States to assess the ecological status of each water body in Europe and to ensure a sustainable management such that good ecological quality of all water bodies will be obtained by 2015. Lagoons can be clustered into types (Basset et al. 2006; Lucena-Moya et al. 2009) , which display several different internal gradients of physical conditions and hence of the biota associated with them. Here the ecological status of aquatic ecosystems is defined in terms of the quality of the biological community, as well as the systems' hydrological and chemical characteristics. Environmental indices are a common tool used to communicate the overall status of environmental systems (Sadiq and Tesfamariam 2008; Su et al. 2012) . Several simple indicators as the Shannon-Wiener index, the Margalef index and the AMBI index account for the composition and abundance of biological communities and are widely used in the ecological literature. Multimetric indices, combining simple indices as multiple sources of information, focus on benthic macroinvertebrates which are known to be sensitive to both natural and anthropogenic pressures (Borja et al. 2011; Marchini and Marchini 2006) . In this paper, we will focus on three multimetric indices: M-AMBI (Muxika et al. 2007; Borja et al. 2004) , BITS (Mistri and Munari 2008) and ISS . The so called a priori approach to lagoon classification by multimetric ecological quality indices was introduced in Borja et al. (2000) and used in Borja et al. (2004) and Basset et al. (2012) . According to some reference samples, the authors choose boundary values of the indices to define ecological status classes and classify the lagoons according to these values. However the proposed indices are likely to respond differently to different sources of stress and natural variability components, adding uncertainty to resulting classifications. An alternative more objective a posteriori approach is based on classification boundaries set according to linear mixed models taking lagoons variability into account . As multi-stressors can commonly act on the same lagoon, both approaches are leaving anyway some degree of uncertainty in the ecological status classification by different multi-metric indices, with a same lagoon classifiable into different ecological quality classes using different metrics. In order to emphasize clusters of ecosystems resulting from the integration of different multimetric indices, a multivariate Bayesian hierarchical model was recently proposed (Arima et al. 2013) in which four multimetric indices are jointly modelled through a multivariate normal mixture accounting for the dependence on relevant abiotic covariates. Here we use a statistical model linking values of three multimetric ecological quality indices to indicators of water parameters and anthropogenic pressures, with the purpose of properly understanding what drives indices to disagree in classifying the ecological status of lagoons. A Bayesian hierarchical model, allowing for the inclusion of multiple sources of information and external prior knowledge, is adopted to produce a sensitivity analysis, i.e. to quantify the effects of input variables as abiotic covariates and indicators of anthropogenic pressures on the different performance of multimetric ecological quality indices (Piffady et al. 2013 ).
The paper is organized as follows: in Sect. 2 we describe the design of the experiment leading to data on benthic macroinvertebrates, chemical and physical water parameters and expert's opinion evaluations of external anthropogenic pressures. In the same section we introduce the notation and define a multivariate hierarchical modelling strategy, including some details on the actual implementation of the estimation algorithms, model choice and assessment issues. Sect. 3 is devoted to describe some general results and discuss the sensitivity of lagoon ecosystems evaluations to available abiotic information. In Sect. 4 we conclude with a brief discussion and directions for future work.
Materials and methods
In order to reveal environmental conditions determining discrepant evaluations of the ecological quality of lagoon ecosystems we considered a database gathering biological data from 8 sampling campaigns at 15 monitoring stations with abiotic information characterizing times and sites. Such data require the formulation of a multivariate model to estimate the effects of water parameters and pressure gradients on multimetric indices, considering correlated responses and lagoon effects. Model parameter estimates summarize the sensitivity of the biotic evaluations of lagoons' quality to abiotic features of the ecosystems.
Experimental design and data structure
Data on benthic macroinvertebrates colonizing various habitat types were collected in 3 transitional water ecosystems in Apulia, Italy: namely Alimini, Lesina and Varano. Four seasonal field sampling campaigns were performed for each of the two years 2008 and 2009 in the three ecosystems. On the whole, 15 monitoring sites were considered in the three lagoons. For each sampling site three replicates of benthic samples were collected by manual Reineck box-corer (0.03 m 2 ) in Alimini and an Ekman-Birge grab in Lesina and Varano. In the laboratory, samples were sorted under a stereomicroscope, identified to the lowest possible taxonomic level, counted, measured individually (total length for most taxa) and weighted. For each lagoon, the macrobenthic community was examined in order to build two of the most common indices proposed in the Water Framework Directive and a new index for benthic assessment. The multimetric indices M-AMBI (Muxika et al. 2007) , BITS (Mistri and Munari 2008) , and ISS ) were calculated at the replicate level. Chemical and physical water parameters (water temperature, dissolved oxygen, salinity, pH and chlorophyll) were monitored at each station. Experts' opinion evaluations of four external anthropogenic pressures (agricultural diffuse inputs, domestic discharges, industrial discharges and fin fisheries) were also made available at each monitoring station; quantifications were given according to a score scale ranging from 0 (no pressure) to 3 (intense pressure).
Some data summaries
The three biotic indices have different theoretical range and are usually considered in association with boundaries defined in the literature. Within the mentioned a priori approach boundaries allow to classify lagoon ecosystems in five quality categories (bad, poor, moderate, good, high), though they do not necessarily correspond to discontinuities in the data, as Fig. 1 shows for the benthic samples described in Sect. 2.1. In some circumstances M-AMBI, BITS and ISS can be in disagreement and lead to contrasting assessments of the ecological status of the same ecosystem. The relation among the three indices for the data at hand is expressed in Fig In general terms we can confirm that while M-AMBI and ISS convey similar information, BITS does not. In Fig. 2 points/records within areas A and B correspond to discrepant values for M-AMBI and BITS and for BITS and ISS respectively. Due to the stochastic relation among the three multimetric indices, their use in association with standard boundaries can lead to contrasting ecosystem classifications. In Fig. 2 areas in red correspond to both indices assigning the same ecologic class to the sites, but the majority of observed records fall outside these areas. It is very evident that the ''high'' BITS category corresponds to a very variable behavior of both M-AMBI and ISS. Exploratory attempts to uncover abiotic features of lagoons producing ambiguous ecosystem quality assessments with the three indices only provided a weak evidence for a direct relation of M-AMBI and ISS with both oxygen content and water pH that is not observed for BITS (full results of the exploratory data analysis are available from the authors upon request).
Joint model for lagoon ecological quality indices
The possible contrasting behaviour of the three multimetric indices is analyzed in the context of Bayesian hierarchical models. As the indices have different theoretical ranges (see Sect. 2.2), in order to compare the influence of each explanatory variable the three response variables were standardized. Explanatory variables were also standardized in order to avoid dimensional issues and focus on the gradients of the three responses along their joint variation. Standardization of both response and explanatory variables leads to a model that lends itself to analyze the sensitivity of the multimetric quality indices to water parameters and anthropogenic pressures. Standardized values of the indices are jointly modeled as functions of water parameters, expert's opinion on external anthropogenic pressures and lagoon effects. Here the following notation is adopted: r ¼ 1; . . .; R is a replicate of a biotic record taken at time t ¼ 1; . . .; T and location s ¼ 1; . . .; n l within lagoon l ¼ 1; . . .; L. Specifically we have R ¼ 3 replicates, T ¼ 8 time points, L ¼ 3 lagoons with n l ¼ 6; 6; 3 monitoring stations respectively for Lesina, Varano and Alimini. The response vector y rtsl contains standardized values of the three multimetric indices M-AMBI, BITS and ISS for each replicate, while the P-dimensional vector x tsl contains standardized values of P explanatory variables for each monitoring station and every time point. Vectors y rtsl and x tsl are related by the following expression:
where a is the intercept term, B is a 3 Â P matrix of indexspecific regression coefficients that measure the effect of each abiotic covariate on every multimetric index, 1 3 is a unit vector, w l is a random lagoon effect (l ¼ 1; . . .; L) and rtsl is a 3-dimensional correlated random error vector. At the second hierarchical level independent fixed and random effects are specified as follows: a $ Nð0; 0:01Þ b jp $ Nð0; 0:01Þ
where j ¼ 1; 2; 3 for M-AMBI, BITS and ISS and the correlation between the three indices is accounted for by the unstructured precision matrix T . Here we adopt a Bayesian approach and estimate model parameters by a Markov chain Monte Carlo (McMC) posterior simulation algorithm. Then a third hierarchical level is specified for random effects hyperparameters:
l w $ Nð0; 0:01Þ s w $ Gammað0:01; 0:01Þ
where I is the identity matrix. Notice that the three lagoons are geographically well separated and most likely independent and the small number of monitoring stations within each lagoon (3-6) does not allow the estimation of lagoon-specific spatial covariances. Simple forms of temporal autocorrelation or seasonality are even more hardly detectable with only 8 time points and exploratory data analysis didn't show any kind of longitudinal trend. Then only random effects of the lagoons are considered and no spatial and time effects are taken into account in the model specification.
Posterior simulations were implemented using the JAGS software (Plummer 2003) with 2 chains with different starting points (the code can be obtained from the authors upon request). For each chain, we allowed 250,000 iterations with 100,000 samples of burn-in and used the remaining 150,000 iterations thinned by 20 for posterior estimation. Chain convergence was ascertained by visual inspection of standard convergence diagnostic tools, such as trace plots and autocorrelation plots. Notice that the conjugate nature of this multivariate response model makes Gibbs sampling fully efficient and simulations running in real-time on a standard personal computer.
Model assessment and sensitivity analysis
Once the model was estimated, we quantified the influence of each explanatory variable on the three indices jointly. Most traditional methods produce influence coefficients for each predictor-output combination, usually not allowing joint evaluation. Typically when response and explanatory variables are standardized we compare the absolute values of model coefficient estimates i.e. j b b jp j?j b b jp 0 j where j ¼ 1; 2; 3 for MAMBI, BITS and ISS and p; p 0 ¼ 1; . . .; P refer to explanatory variables. Here to measure the joint sensitivity of response to explanatory variables we compare the norm of estimated coefficient vectors b b p accounting for the residual correlation between response variables (see Brynjarsdóttir and Gelfand (2014) , for details):
where b p is the pth column of B with p ¼ 1; . . .; P. If I p [ I p 0 then the three indices are jointly more sensitive to (or influenced by) the p-th explanatory variable than to the p 0 -th. Notice that in the Bayesian McMC approach samples from the posterior distribution of (4) are available for inferential purposes. Furthermore in Brynjarsdóttir and Gelfand (2014) it is shown that if a prior on the model inputs X is given, comparison of P [ 2 inputs using the I p criterion gives the same results as comparison of marginal conditional variances of the inverse predictive distributions of the inputs, in the spirit of Clark et al. (2013) .
In order to check the model distributional assumptions and evaluate its goodness-of-fit we consider some posterior predictive approaches based on summaries of the density f ðy rep jyÞ. Predictions y rep reflect the expected observations after replicating our experiment in the future, having already observed y and assuming that the model is true. If the model is appropriate for describing the observed data, then vectors y and y rep will be close. Hence a comparison of these two vectors provides information concerning the model fit. We consider summary statistics Dðy; hÞ which play the role of tests for checking model assumptions and measure discrepancies between the data and the model (Gelman et al. 1996) . Assessment of the posterior distributions of Dðy; hÞ and Dðy rep ; hÞ provides individual and overall goodness-of-fit measures that can be summarized graphically or using tail area probabilities called posterior predictive p-values (Meng 1994) (Gelman et al. 1996) . In the following we use tail area probabilities in order to assess the model distributional assumption of normality and to evaluate the model ability to predict some aspects of interest for our application.
Residual analysis is used to check the model structural assumptions of normality and homoscedasticity, evaluating the deviations of the predicted residuals with respect to their observed counterparts. Residuals are defined as Since the residuals are ancillary statistics, we expect that the PPPV's follow a uniform distribution.
Results
While the posterior estimate of the common intercept parameter a obtained by the McMC simulations from the multivariate continuous response model has value À0:499 with strictly negative 95 % credibility interval ðÀ0:80; À0:198Þ, Table 1 shows the posterior estimates of index-specific regression coefficients and the corresponding 95 % credibility intervals. Abiotic indices and expert's opinion evaluations of four external anthropogenic pressures (due to the presence of agricultural inputs, domestic discharges, industrial discharges and fisheries) have been considered as explanatory variables. Estimates corresponding to strictly positive or negative 95 % credibility intervals are highlighted in red. First we report about overall effects shared by the three multimetric quality indices. pH and the severity of domestic discharges positively influence the average value of the three indices. On the other hand the average value of the indices decreases when the pressure of industrial discharges and the amount of chlorophyll increase. The expected effects of agricultural inputs and of salinity are probably masked by the presence of other informative predictors (as the pressure of domestic discharges and the amount of dissolved oxygen). Domestic and diffuse agricultural discharges, as far as mainly characterized by organic and inorganic inputs, are likely to have idiosyncratic impacts at the community and ecosystem levels in lagoon ecosystems, being strongly affected by the overall abiotic context (e.g., oxygen concentration and hydrodynamics) and differing among biological quality elements.
Turning to effects that differentiate the behavior of the BITS index with respect to M-AMBI and ISS, we have that the pressure of fisheries has a negative influence on the average value of M-AMBI and ISS but but does not affect BITS which is inversely proportional to the amount of dissolved oxygen. On the other hand, the amount of dissolved oxygen positively affects M-AMBI and ISS. This is probably due to an increasing oxygen content causing an increase in the number of species and in the size structure, but reducing the number of families. Water temperature negatively influences the BITS index but it is not relevant for the other two indices. The sign and significance of the effects of pressures and abiotic variables are all supported by sound ecological knowledge and have plausible interpretation. Figure 3 shows the posterior distribution of the correlation coefficients between the three indices: the model confirms a known higher correlation between M-AMBI and ISS and a lower correlation of these two with BITS. The model provides estimates of lagoon effects corresponding to higher values of the three indices at Alimini and Lesina, possibly due to Varano being deeper and more eutrophic. Considering the lagoon effects within the model improves the overall fit in terms of DIC (the chosen model DIC is 488:699 while the DIC of an alternative model without lagoon-specific random effects is 498.300).
In order to quantify the influence of explanatory variables on the three indices jointly, we computed the influence measures in Eq. (4). Figure 4 shows the 95 % credibility intervals of these influence measures. Agriculture is the least influential variable while the pressure due to the fishery activity is the most relevant. Oxygen and Clorophyll have very similar effects on the joint sensitivity of the three indices: I oxy ¼ 0:135 ð0:050; 0:267Þ, I clo ¼ 0:124 ð0:058; 0:216Þ. The influence measures are in substantial agreement with the marginal estimates in Table 1 in terms of both the sign and the absolute value of the estimates.
Model distributional assumptions and goodness-of-fit have been checked using posterior predictive p-values. First, in order to evaluate the discrepancies between observed and predicted values under the fitted model, we used the posterior predictive p-values defined in Eq. (7). Since the residuals are ancillary statistics, we expect that the PPPV's follow a uniform distribution. Figure 5 shows the posterior predictive p-values computed for each multimetric index with the proposed model: the three distributions are acceptably uniform and their averages are all around the desired value of 0.5, suggesting a good fit of the proposed model to the available data. In order to evaluate the normality assumption, we check that the posterior distribution of the residuals is approximately normal with zero mean. Figure 6 shows the distributions of the posterior MC means of the residuals for each index and the 95 % credibility intervals for their mean: all intervals contain the value zero. The ShapiroWilk test does not lead to reject the assumption of normality of the residuals for the three indices, with p-values respectively equal to 0:724; 0:191; 0:751 for M-AMBI, BITS and ISS.
The assumption that the error precision matrix T is unstructured and equal between lagoons was assessed comparing the proposed model with an alternative one with lagoon-specific precision matrices in (2) and (3), i.e. modeling the error term in Eq. (1) as rtsl $ N 3 ð0; T l; Þ, with T l; ¼ s l; I where I is a 3 Â 3 unit diagonal matrix. The chosen model DIC is 488:699 while the DIC of the alternative model is 771:125.
Once model assumptions are validated, we use posterior predictive p-values to evaluate the model ability to predict relevant aspects of the process under investigation. Among the main goals of our model is investigating the variability of the multimetric indices and the correlation between them. Hence we define PPPV's using the variance of each index and the correlation between pairs of indices as the summary function D in (5). The left panel of Fig. 6 shows the distributions of the posterior predicted variances of each multimetric index with the observed variances corresponding to the red lines. M-AMBI and ISS have posterior predicted variances almost centered around their observed counterpart and the right tail area probabilities, corresponding to the PPPV's are around 0.5. On the other hand the variance of BITS is slightly overestimated by the model, corresponding to a tail area probability equal to 0.736, though this behavior is not to be considered so extreme as to worry about the capability of the model to capture the variability of the data. The right panel of Fig. 6 shows the posterior predicted correlations between pairs of indices: all predictive distributions are centered around the observed correlations and all the tail area probabilities are around 0.5 (0.511, 0.431, 0.534 respectively for M-AMBI, BITS and ISS) (Fig. 7) . A comparative analysis of the responses of the three indices to different stressors supports the original assumption of the paper that different multi-metric indices have differentiated responses to external stressors. However, the close agreement between M-AMBI and ISS responses to the tested natural and anthropogenic sources of variation strongly supports the accuracy of the two metrics in evaluating lagoon ecological status. In fact, these two multi-metric indices show significant and coherent responses to the same group of tested sources of variation, all of them related to anthropogenic pressures, even though they rely on different types of data, i.e., taxonomic-based data the M-AMBI and body-size based data the ISS. The close agreement, even though not perfect, observed between M-AMBI and ISS and the independence of the data sets on which they are based suggest that the accuracy in the ecological status evaluation might be increased by integrating the indices in a joint Bayesian classification model as proposed in Arima et al. (2013) . On the other hand, the responses of BITS to natural stress agents do not fully support its integration in the model and suggests possible refinements of the model based classification integrating multi-metric indices for the evaluation of the ecological status of lagoon ecosystems. Future work will be devoted to plan deeper studies, possibly involving nonaggregated abundances, defining a sampling scheme that allows to study the effect of spatial variation inside lagoons and to evaluate their evolution in time. For such a larger database the proposed model could easily be extended including a spatio-temporal term w tsl with w l $ N Tn l ðl w;l ; s 
